Assessing the taxonomic composition of metagenomic samples is an important first step in 27 understanding the biology and ecology of microbial communities in complex environments. Despite a 28 wealth of algorithms and tools for metagenomic classification, relatively little effort has been put into 29 the critical task of improving the quality of reference indices to which metagenomic reads are 30 assigned. Here, we inferred the taxonomic composition of 404 publicly available metagenomes from 31 human, marine and soil environments, using custom index databases modified according to two 32 factors: the number of reference genomes used to build the databases, and the monophyletic strictness 33 of species definitions. Index databases built following the NCBI taxonomic system were also 34 compared to others using Genome Taxonomy Database (GTDB) taxonomic redefinitions. We 35 observed a considerable increase in the rate of read classification using modified reference index 36 databases as compared to a default NCBI RefSeq database, with up to a 4.4-, 6.4-and 2.2-fold 37 increase in classified reads per sample for human, marine and soil metagenomes, respectively.
Introduction

49
For more than 3 billion years, microbes have established complex ecological niches in environments 50 and hosts throughout the planet. This makes them ubiquitous components of biogeochemical cycles 51 on land [1] , in the sea [2], the atmosphere [3] , and on or inside other living organisms [4, 5] including 52 humans, in which they are important for development and health [6, 7] . However, technical 53 constraints limit our ability to study the ecology of microorganisms, in particular the widespread lack 54 of suitable culturing methods [8] . An important advance in the analysis of microbial communities has 55 been the use of sequence-based, culture-independent methods to study the diversity and composition 56 of clinical and environmental samples and their biological functions. The increasing affordability of 57 high-throughput sequencing has led to an increase in metagenomics studies, in which a sample's total 58 extracted DNA can be sequenced as a whole. Accurately determining and quantifying the taxonomic 59 composition of a metagenome is a critical first step in many analyses, such as the association with 60 host phenotype, host genotype, disease status or environmental properties.
62
Metagenomic classification begins with the accurate assignment of sequencing reads to a reference 63 database, or "index", comprising reference genomes and their corresponding taxonomic definitions. A 64 wealth of metagenomic classification algorithms have been developed in the last few years [4, [9] [10] [11] [12] [13] [14] [15] [16] ], 65 mainly focusing on improving classification speed and memory usage, including popular methods 66 such as Kraken [17, 18] or Centrifuge [19] . A given read sequence may be shared among closely-67 related species, particularly when the read length is short, and so classifiers can assign reads to the last 68 common ancestor (LCA) of all taxa sharing their sequence ("LCA-classification"). Despite the 69 development of ever-more efficient classifying algorithms and tools, comparatively little has been 70 done to improve the quality of the reference indices used to define the taxa to which reads are 71 assigned. Recent efforts showed that the addition of new genomes to NCBI RefSeq could influence 72 metagenomic classification performance, with indices built on most recent releases of NCBI RefSeq 73 able to classify more reads overall, but fewer at the species level [20] . Generally, most methods and 74 studies use a selection of representative, often complete genomes from curated repositories to build 75 indices from all described bacteria and archaea using their reported taxonomic definitions [16, 21] , 76 typically NCBI RefSeq [22] for whole representative genomes, and SILVA, Greengenes, or RDP [23] metagenomics data but remain unclassified using current methods and recommendations. This has 103 important consequences for the classification of metagenomic datasets and downstream applications 104 such as microbiome-wide association studies.
106
Results
108
Substantial improvements in classification performance can be achieved using larger indices 109 To examine the impact of custom indices on metagenomic classification performance, we classified 110 404 metagenomic samples from three different datasets using seven custom indices (Figure S1, Table   111 1) and quantified the proportion of reads per sample that were classified to any taxon and the 112 proportion that remained unclassified (Figure 1, Figure S2 ). Our custom index databases were 113 corrected for two distinct factors: (a) number of reference genomes for each species used to build the 114 index, and (b) strict monophyletic species definition for these reference genomes ( Table 1) . We 115 observed a drastic improvement in classification performance using custom indices, built with more 116 reference genomes, i.e. the greater the number of reference genomes used to build the index, the 117 greater the proportion of reads classified (Figure 1A-C) . This effect was not associated with 118 sequencing depth ( Figure S3 ). For instance, using the NCBI_r88_Human17k index on human 119 metagenomes, which includes only 1.67-fold more genomes than NCBI_r88 (selectively chosen from 120 70 known human microbiome taxa) and monophyly correction ( Table S2, Table S3 ). Similarly, the increase in classified reads 126 per sample for marine metagenomes was from a median of 14.1% to a median of 55.2% (median 127 increase of +276.2%; range of +94.6% to +536.3%); and in soil metagenomes from 33.2% to 66.3% 128 (median increase of +100.7% reads/sample; range of +85.7% to +120.6%) (Figure S2B-C, Table S2 , 129   Table S3 ).
either the presence of genomic fragments in the nt database that are not in WGS of RefSeq, or that 158 these reads mapped to rarer genomic variants that were not included in the 46,006 representative 159 genomes from the GTDB_r86_46k index. As a very small fraction of these unclassified reads were 160 prokaryotic, this result suggests that the GTDB_r86_46k index is much more likely to capture and 161 classify most accessible prokaryotic reads from human metagenomes than default methods.
163
Classification to lower taxonomic ranks is increased and more accurate using larger indices
164
The interpretation of metagenomics data often focuses on lower taxonomic levels, typically genus-165 and species-level. We compared the taxonomic levels of lowest-common-ancestor (LCA) read 166 classification between the different indices ( Figure 1D-F 
178
Interestingly, of the two best performing indices, GTDB_r86 (built with almost 18,000 less reference 179 genomes than GTDB_r86_46k) classified a median of -28.1% less reads/sample (range of -70.3% to 180 +70.7%) at the genus level, but a median of +3.7% more reads/sample (range of -17.1% to +28.7%) 181 more reads at the species level than GTDB_r86_46k in human samples (Figure 1D-F 
182
A similar trend was observed in marine and soil samples (Table S4-S5). This is likely because the 183 larger the index, the greater the likelihood it includes genomes from two different species that share 184 genes via recent horizontal transfer, which renders those gene sequences ambiguous at the species 185 level so that they can be attributed to their LCA only. In this way, the largest index GTDB_r86_46k 186 can be considered to offer a more accurate representation of taxonomic classification, with ambiguous 187 reads being accurately attributed to the LCA rather than erroneously to a single species.
189
The specific composition of corrected indices affects classification performance and detection The use of corrected indices had a substantial effect on downstream metagenomic analyses. We 237 compared the 30 most abundant taxa for HMP samples at the family, genus and species levels, from 238 classifications using NCBI_r88, NCBI_r88_Human17k and GTDB_r86_46k (Figure 2, Figure S6 ).
239
A total of 19 (63%) families, 15 (50%) genera and 7 (23%) species appeared in the top 30 taxa using 240 all three indices. Thus, the higher the taxonomic order examined, the more agreement across index 241 databases (Figure 2A, Figure S6 ). Notably, even for taxa in the top 30 using all three indices, the 242 order of abundance varied substantially (Figure 2B, Figure S6 ). Some of this variation was 243 attributable to many taxa having been reclassified and renamed in the larger, monophyly-corrected 244 databases (particularly GTDB_r86_46k, see yellow bars in Figure 2A ). The increased taxonomic 245 granularity within the GTDB system sometimes led to previously common taxa being divided and 246 redefined as multiple different sub-lineages, each with a distinct taxon name. However, there were 247 also differences in the relative abundances of top 30 taxa that were not explained by this ( Figure S7 ).
248
For example, the relative abundance rank of families Porphyromonadaceae and Corynebacteriaceae 249 were reversed using NCBI_r88 vs. GTDB_r86_46k, as were the genera Lactobacillus and 250 Bifidobacterium, and the species Bacteroides fragilis and Bacteroides thetaiotaomicron (Figure S7 ).
252
Alpha diversity (within-sample diversity), which has been associated with various phenotypes in 253 different microbiomes [6, 31-33], is estimated directly from taxonomic composition data and 254 therefore showed significant differences between indices. We compared three alpha-diversity metrics 255 at the genus level (observed genus richness, genus evenness and Shannon index at the genus level), 256 calculated from taxonomic composition tables summarised at the genus level based on classifications 257 of the same test data sets but using seven different index databases (Figure 3) . As expected, the large 258 GTDB-based indices showed a much higher richness, but also had an effect on the evenness of genus 259 distribution, especially in marine metagenomes, which affected Shannon diversity index distribution 260 (Figure 3) . Notably the effect of index database on alpha diversity values varied between samples, 261 with some increasing in value and others decreasing. In some cases these differences were substantive 262 enough to alter the results of statistical tests for difference in alpha diversity between samples from 263 different body sites (Figure 3B, 
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We also examined the effect of index database choice on beta-diversity, or between-sample diversity 276 assessed by calculating Bray-Curtis dissimilarity between groups of samples from different sources 277 ( Figure S8 , S9, S10, Table S7 ). The effect on beta-diversity was more subtle than for alpha diversity, 278 with the large GTDB indices yielding greater distance estimates between groups of samples that were 279 already dissimilar using default methods (dissimilarity above 80%; Figure S8 , S9), but did not 280 significantly alter the overall clustering patterns (Figure S10 ).
282 283
Discussion
285
Considerable efforts have been made to improve methods for detection of taxonomic and functional 286 markers in complex metagenomic samples, including increasing sequencing depth, optimising 287 classification algorithms and developing more accurate de novo metagenome assembly tools. In this 288 study, we showed that the index database is a major source of variation in classification performance 289 and has significant ramifications for downstream analyses, which may be substantive enough to 
300
We found that large indices built using recently developed and largely phylogenetically-coherent 301 taxonomic species definitions, such as GTDB [28], greatly increased the number of classified reads.
302
Our results suggest that more coherent taxonomic definitions and accurate taxonomic boundaries, 303 such as those proposed within GTDB, may improve statistical power and biological interpretation of 304 subsequent results, particularly those for compositional and diversity analyses (summarised in Figure   305 4). This results in greater taxon granularity, i.e. smaller, more discrete clades of similar phylogenetic 306 depth than commonly known phylogroups, which increases classification accuracy and may improve 307 downstream applications, such as association analysis for particular traits. For example, in 308 microbiome-wide association studies using large cohorts, a weak association with a poorly-defined 309 lineage may be caused by a strong association with a well-defined subset of the poorly-defined 310 lineage (Figure 4) . Furthermore, at a fixed confidence level, increasing the classification rate of a 311 metagenomic sample offers a more accurate representation of its microbial diversity and may, as we 312 have shown, affect study conclusions. As such, the approach we propose here facilitates improved 313 metagenomic analysis across the full spectrum of sequencing depths. In particular, our results may genera (File S1). We used the Bacsort pipeline (https://github.com/rrwick/Bacsort) to manually curate 343 the taxonomy within each of these 70 genera to enforce strict monophyly. We also built four indices 344 using the GTDB taxonomic system ( Table 1) 
363
Metagenomic datasets
365
We used a total of 404 publicly available metagenomes representing a variety of commonly-studied 366 environments: human body sites, marine and soil environments (Table S1, Figure S1 ). Human 
403
Accordingly, we observed that the classification of 10 random HMP metagenomes using nt resulted in 404 more unclassified reads than when using GTDB_r86_46k (data not shown). To investigate the origin 405 of the reads which were unclassified by the GTDB_r86_46k index (the best-performing custom index 406 in this study), we reclassified them using the nt database.
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